Introduction
The needs for assessing impacts of global environmental change on agriculture and food security stimulated the use of process-based crop models at the regional to global scales (Basso et al., 2018; Challinor et al., 2010; Jones et al., 2017; Nelson et al., 2010; Rabbinge and Van Diepen, 2000; Rosenzweig et al., 2014; Rosenzweig et al., 2013; Wu et al., 2010; Xiong et al., 2008) . Crop models have been widely used also in developing early warnings and decision support systems (Asfaw et al., 2018; Gyawali et al., 2018) . Despite the known issues of scaling up point-scale processed-based crop models onto larger spatial scales (Faivre et al., 2004; Hansen and Jones, 2000) , they have been applied at larger scales beyond the spatial footprint, which they were initially developed. This is because crop models allow us to better understand the dynamic interactions between crops and the changing environment, which statistical models are limited from doing.
Applications of well-validated process-based crop models at the regional or global scale require a gridded framework (Elliott et al., , 2015 Folberth et al., 2013; Liu, 2009) . Considering that a complex crop model developed at a field-scale requires a considerable amount of data inputs including climate, soil and crop management information, a gridded crop modeling framework requires even more information with spatial consistency, and it is inevitable to make assumptions at the aggregate scales. Among others, soil data are particularly problematic because it is difficult and expensive to estimate representative soil properties at the aggregate scale through field surveys (Lagacherie et al., 2000) . While climate data have been increasingly available from various sources that include those from weather stations, remote sensing and reanalysis data, the availability of spatially contiguous gridded soil datasets in a crop model specific format is still a major challenge for gridded crop simulations (Wu et al., 2010) . There is a critical need to develop practical solutions to bridge this gap.
To date, there have been several efforts in the development of global soil databases. To name a few: Harmonized World Soil Database (HWSD) (Nachtergaele et al., 2008) , International Soil Reference and Information Centre (ISRIC)-World Inventory of Soil Emission Potentials (WISE) derived soil properties (Batjes, 2012) and recently, ISRICWorld Soil Information Service (WoSIS) (Ribeiro et al., 2015) . These soil databases were converted into three-dimensional digital soil maps by interpolating field measurements with other environmental covariates (Hengl et al., 2014; Sanchez et al., 2009 ). The resulting digital soil maps are published in a standard format, grid-based, and at high resolution. For example, Hengl et al. (2017) and Hengl et al. (2014) respectively. These digital soil maps, however, cannot be readily used in crop models because most process-based models require more soil information than what these soil databases provide, and soil input must be tailored to with the model's specific format.
Crop models in the Decision Support System for Agro-technology Transfer, DSSAT (Hoogenboom et al., 2017; Jones et al., 2003) have been used in several global gridded crop model inter-comparisons for assessing climate change risks in agriculture (Elliott et al., , 2015 Rosenzweig et al., 2013 Rosenzweig et al., , 2014 . DSSAT has been integrated in IMPACT model for policy analysis by the International Food Policy Research Institute (Robinson et al., 2015) . DSSAT is also used by HarvestChoice (http://harvestchoice.org/) to simulate scenarios for improving livelihoods of smallholder farmers in sub-Saharan Africa (e.g., Rosenzweig et al., 2014) . The main motivation of the present study was to develop soil inputs readily available for gridded DSSAT applications at a high resolution, 5 arc-minute (∼10 km), which is a target resolution of HarvestChoice's analysis system. We envision that the new global soil profile dataset can be used by other gridded modeling systems, thereafter. Note that, previous works for gridded DSSAT applications were done at coarser resolutions.
Based on ISRIC-WISE database, Gijsman et al. (2007) and Romero et al. (2012) generated a global point-scale soil profile dataset (WI.SOL) compatible with DSSAT crop models. WI.SOL has a very sparse soil profile data especially in the developing countries. For example, only one soil profile is available in Ethiopia. On the other hand, ISRIC's global Soil Information System called "SoilGrids" provides gridded soil properties at various resolutions from 250-m to larger scales 1-km (Hengl et al., 2017) . SoilGrids opened up an opportunity to develop a gridded soil input for DSSAT.
In this study, we developed a 10-km resolution gridded global soil profile dataset compatible with DSSAT from SoilGrids datasets (datasets made in April 2015 at 1 km resolution). We evaluated the newly developed gridded soil profile dataset using several soil data from independent sources. Then, we introduced a maize intensification assessment study in Tanzania to showcase the utility of the newly developed gridded soil profile dataset. Note that our target spatial resolution (10-km) was determined to be seamlessly ingested with HarvestChoice's on-line database called CELL5M-SSA, which contains hundreds of biophysical and socio-economic indicators for Sub-Saharan Africa that enables analyses of spatial relationships between climate, environment, agriculture, nutrition, poverty and health (HarvestChoice and Minnesota, 2018).
Data

ISRIC SoilGrids
Recently, the international community has paid an increasing attention to improving legacy soil data resources in support of sustainable development (Folberth et al., 2016; Montanarella and Vargas, 2012; Sanchez et al., 2009) . In order to contribute to the Global Soil Partnership initiative (Montanarella and Vargas, 2012) , ISRIC, in collaboration with several international agencies, has developed a gridded global soil database, called SoilGrids1km, a global 3D soil information system at 30 arc second (∼1 km) resolution (Hengl et al., 2014) . SoilGrids1km provides representative soil properties at six standard depth intervals specified by the GlobalSoilMap.net project, [0] [1] [2] [3] [4] [5] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] ), bulk density (kg m −3 ), coarse fragments (%), soil taxonomy based on the World Reference Base classification system and USDA soil taxonomy suborders. After compiling multiple major international soil profile databases and selecting global environmental covariates reflecting soil formation factors, Hengl et al. (2014) developed global spatial prediction models (2D or 3D regression and/or regression-kriging) to derive these soil properties. The SoilGrids1km data used in this study was the data published in 2015 (http://soilgrids.org). A newer version of the dataset called SoilGrids250 m has now been released since then (Hengl et al., 2017) . The 250-m product uses machine learning, unlike the 1-km product, which used regression kriging. All of our discussions here however are all based on the 2015 SoilGrids1km. The SoilGrids250 m data will be treated in a separate study.
HarvestChoice HC27
HarvestChoice developed generic/proto-typical soil profiles, called HC27, which classifies soil profiles by only three criteria: soil texture, organic carbon content (as a proxy for soil fertility) and soil rooting depth (as a proxy for soil water availability) as shown in Table 1 (HarvestChoice, 2010; Koo and Dimes, 2010) . HC27 aims to help overcome the limitation of traditional location-specific soil database such as WISE or HWSD when gridded simulations are needed, and to make it possible to apply crop simulation models in larger areas where detailed soil information is not available, particularly in Africa. HC27 provides 27 different soil profiles in a DSSAT-compatible format. In this study, HC27 was used to derive soil characteristics not available from the SoilGrids1km (see Section 3). Table 2 shows the soil physical and chemical properties required by DSSAT. The soil data must be written in a specific format shown in Fig.  A1 (Appendix). If not available, and not an essential soil property, DSSAT will fill in a missing data with a default value during run-time. In this study, soil horizons were patterned using the six standard layers of SoilGrids1km. Although SoilGrids1km provides some of the essential soil properties for DSSAT, e.g., bulk density (SBDM), organic carbon (SLOC) and fraction of silt (SLSI) and clay (SLCL), the remaining parameters in Table 2 must be estimated. The third column in Table 2 shows how we estimated each soil property. General workflow for processing SoilGirds1km and deriving soil properties for DSSAT input E. Han, et al. Environmental Modelling and Software 119 (2019) 70-83 file (*.SOL) is shown in Fig. 1 . The parameters in the first 10 rows of Table 2 (from SCOM to SMKE) inherit their values from corresponding HC27 soil profiles determined by soil properties from SoilGrids1km. Detailed procedures for deriving values of other soil properties are described in the following sections. More technical details on data processing and formatting can be found in the Appendix, and Han et al. (2015) .
Methodology
Estimating soil properties for DSSAT
Estimation of the soil hydraulic properties
Soil hydraulic properties are important soil data inputs needed to run any crop models. The soil hydraulic properties determine its capacity to hold and release water needed in the calculation of the soil water balance. In order to simulate soil water movement, DSSAT requires minimum inputs to characterize soil hydraulic properties e.g., soil water content at field capacity (SDUL), at wilting point (SLLL) and saturation (SSAT) (Gijsman et al., 2002) . These soil properties can be measured in the laboratory and the field, but it is practically impossible to measure them at the aggregate scale (Gijsman et al., 2002) . At the aggregate scale, indirect ways of estimating these properties are essential. Many efforts have been done to derive hydraulic soil properties using more easy-to-measure properties, such as texture or proportion of sand, silt and clay. Several pedo-transfer functions (PTFs) have been developed to relate soil hydraulic properties and other soil physical and chemical properties. Rawls et al. (1991) and Timlin et al. (1996) reviewed more than 49 PTFs. There are several approaches used for developing PTFs including multiple regression, physico-empirical models and estimating parameters of equations to relate soil water contents with soil water potentials (Gijsman et al., 2002) . Some studies showed that their PTFs performed well (e.g., Wösten et al., 2013) . However, Gijsman et al. (2002) noted that it is difficult to recommend a certain well-performing PTFs due to big discrepancies between methods in estimating water-retention parameters. Nonetheless, they found that the PTFs of Saxton et al. (1986) performed better compared with other 7 PTFs they examined in terms of estimating field capacity, wilting point and available water holding capacity for certain soil types in the U.S. In addition, Romero et al. (2012) adapted the PTF approach by Saxton et al. (1986) to estimate soil hydraulic properties for the reanalysis of ISRIC-WISE soil database and for the development of DSSATcompatible soil input file, WI.SOL. However, very sandy or very clayey soils were excluded from the method of Saxton et al. (1986) and Rawls et al. (1982) .
In this study, we used the PTFs in Saxton and Rawls (2006) , which updated the equations of Saxton et al. (1986) based on the USDA soil database, such that soil hydraulic properties can be estimated using texture and organic matter content (Table 3) . Soil texture can be directly obtained from SoilGrids1km. Organic carbon from SoilGrids1km was converted to organic matter to be ingested in the equations as shown in Table 3 . We multiplied a factor of 2 to the organic carbon to estimate the organic matter content. Pribyl (2010) concluded that conversion factor 2 is more accurate than the conventional value of 1.724 to convert soil organic carbon to soil organic matter.
Even though we selected the best available PTFs for this study, one should be aware about the limitations of PTFs. Saxton and Rawls (2006) developed their equations based on USDA soil database, and there may be regions in the world where the equations will not perform well. Most studies evaluated certain PTFs by comparing results with field-or laboratory-measured soil water retention data, however "wilting point" or "field capacity" measured from laboratory may not be always applicable at the field or larger scales (Gijsman et al., 2002) .
Once these fractions of sand and clay, and organic matter content are determined, the soil water content at wilting point (SLLL), field capacity (SDUL) and saturation (SSAT), and saturated hydraulic conductivity (SSKS) can be computed using the PTFs in Table 3 at the SoilGrids1km resolution.
Estimation of the soil root growth factor
Soil root growth factor (SRGF) is an important parameter in simulating crop growth because it affects the potential rooting depth and root density of plants, which determines plants' water uptake and eventually biomass accumulation. In spite of its importance, there is no concrete guideline to estimating SRGF (Ma et al., 2009 ). Because it is an empirical parameter, SRGF was often calibrated arbitrarily to improve the predicted soil water content or crop yield (Calmon et al., 1999; Fang et al., 2008) . Leenaars et al. (2018) derived spatially coherent rootable depth in sub-Saharan Africa for maize by parameterizing several soil factors with a rootability index. They also argued that the absence of E. Han, et al. Environmental Modelling and Software 119 (2019) 70-83 observed rootability or rootable depth data hindered a quantitative validation of the rootable depths map. In this study, SRGF is estimated based on the available water storage capacity (AWC) and the corresponding soil profile in HC27. AWC is defined as the difference between water content at field capacity and wilting point, as follows:
where AWC is total available soil water in the root zone (mm), SDUL the water content at field capacity (m 3 m −3 ), SLLL the water content at wilting point (m 3 m −3 ), Z r the rooting depth (m). The FAO's HWSD classified the soil units based on AWC in 1 m soil depth as shown in Table 4 (Nachtergaele et al., 2008) . Therefore, once a soil texture is known, the AWC (mm m −1
) of the soil can be a good indicator of a possible soil rooting depth (e.g., deep or shallow). HarvestChoice used the AWC information to determine a soil as deep, medium or shallow as shown in Table 4 . We also adapted a similar approach to determine a soil rootable depth from AWC and soil texture from Table 4 . Once the soil depth, soil fertility and texture are determined for a target SoilGrids1km grid, a corresponding HC27 soil profile can be selected. Then SRGF of the selected HC27 soil type is assigned as the SRGF of that target pixel. 4) Assign SRGF for each soil layer from the corresponding HC27 soil profile. Since soil depth specifications in HC27 are 0-10, 10-30, 30-60, 60-90, 90-120, 120-150, 150-180 cm (as opposed to 0-5, 5-15, 15-30, 30-60, 60 -100 and 100-200 cm of SoilGrids1km), different definitions of soil depths for shallow/medium/deep and weighted averages of SRGFs are allocated to the standard SoilGrids1km layers as shown in Table 5 .
Evaluation of the gridded soil profile dataset at 10-km scale
Evaluating the accuracy and quality of the gridded soil dataset at 5 arc-minute resolution (10-km) as introduced in this study is not straightforward. The new gridded soil profile dataset contains soil parameters derived from multiple sources. Uncertainties of the parameters can come from many factors, e.g., measurement errors incurred in the original survey data by local agencies, standardization/ E. Han, et al. Environmental Modelling and Software 119 (2019) 70-83 harmonization process by compiling all available measurements, and spatial predictions by statistical models and aggregation to target resolutions (Heuvelink, 2014) . Issues with accuracy assessment of digital soil mapping have been addressed in several studies (Bishop et al., 2015; Heuvelink, 2007; Leopold et al., 2006) . Typical approach to evaluate the quality of model-predicted soil parameters is to compare them with independent point observations. However, as Heuvelink (2007) and Leopold et al. (2006) argued that differences in measurement "supports" between point observations and model predictions at larger scales should be taken into account. Bishop et al. (2015) used three different spatial supports (point, 48 m blocks and soil-land use complexes) in order to evaluate model-predicted clay content maps, and concluded that validating digital soil maps at the point support is likely to be the worst case. They argued that various spatial supports ranging from a point to larger block supports are required for better validation of digital soil maps. In this study, the target resolution of the soil dataset is 10-km. It is difficult to have an independent data at a similar scale/support for evaluating the output soil dataset for the world. The best possible database of global coverage is the ISRIC -WoSIS (Ribeiro et al., 2015) . However, WoSIS comprises point profile observations thus not free from the issue of scale/support discrepancy with our target resolution. Moreover, few point observations that fall within the target grid (10 km) is not enough to aggregate to make an average representation of the target resolution. Despite all of these, we took WoSIS as one of the validation data, and compared our derived soil hydraulic properties at 10-km resolution. The effect of different scales will be discussed in Section 4.
Due to the scale issue described above, the evaluation of the new soil profile dataset relied only on visual comparisons among other datasets in different regions of the globe. The derived soil hydraulic properties were evaluated using similar maps from literature (e.g., Table 3 Equations used to estimate soil hydraulic properties (excerpt from Table 1 in Saxton and Rawls (2006) Table 4 Soil rooting depth identification method based on available water content (AWC). 1) Compute AWC of 1 m soil depth for each SoilGrids1km grid using Eq. (1), based on the derived soil water content at field capacity and wilting point. 2) Select an appropriate soil rooting depth (deep, medium or shallow) from Table 4 using the computed AWC from
Step 1 and soil texture of the target 1 km pixel. For example, if computed AWC equals to 140 mm for top 1 m soil and soil is classified as clay, soil rooting depth of the target pixel is determined as "medium". 3) Based on the soil rooting depth in Step 2, soil texture and fertility of the target pixel, select a corresponding HC27 soil profile name from *Note: D, M and S represent "deep", "medium", and "shallow" respectively. ₊Note: Available water content (AWC) applies only for the top 1-m soil depth. Procedures for determining SRGF for a target 1-km pixel are summarized as follows.
Table 5
Example distribution of soil root growth factor for a given SoilGrids1km and HC27 soil profile. E. Han, et al. Environmental Modelling and Software 119 (2019) [70] [71] [72] [73] [74] [75] [76] [77] [78] [79] [80] [81] [82] [83] Leenaars et al., 2018), other soil database (i.e., SSURGO of the U.S.) and crop land distributions (Fritz et al., 2015) . Regardless of these efforts, it must be reiterated that there is no "true" value to quantitatively assess the quality of the derived soil profile dataset. We can only speculate based on logic. Furthermore, a crop simulation study is presented in Section 4.2, which showed the application of the output soil profile dataset in modeling crop yield responses over Tanzania. It can be considered an indirect way of evaluating the quality of our output soil dataset. Gijsman et al. (2007) and Romero et al. (2012) tested the sensitivities of the soil parameters they developed using crop simulation results without quantitative comparisons from other soil data sources.
Results
The final 10-km resolution gridded soil profile dataset formatted in DSSAT soil input file (*.SOL) were created separately for each 225 countries with its unique ISO_A2 as a filename (e.g., KE.SOL for Kenya). The dataset is accessible and freely available from https://doi.org/10. 7910/DVN/1PEEY0 (IRI et al., 2018) . The generated soil profile dataset and some applications are described below. Here, we only show some representative soil parameters as a way of evaluating the quality of the new, model friendly, soil profile dataset.
Derived soil hydraulic properties
Soil water contents at wilting point and field capacity
Maps of soil water content at wilting point (SLLL) at 10-km resolution are shown in Figs. 2 and 3. Fig. 2 shows a depth-aggregated SLLL for the top 15 cm depth (i.e., weighted average of the first two layers) for the world. In order to evaluate the quality of the estimated SLLL, we compared the derived soil property for Africa with a permanent wilting point map from AfSIS-GYGA functional soil information for Sub-Saharan Africa (RZ-PAWHC-SSA) (Fig. 3) . The AfSIS-GYGA data was introduced by Leenaars et al. (2018) and is available from www. isric.org. We used a map, moisture content (volumetric %) of the soil fine earth at permanent wilting point defined at pF 4.2 and aggregated over the top 30 cm of the soil. The SLLL in Fig. 3b by Leenaars et al. (2018) was created based on AfSoilGrids250 m (Hengl et al., 2015) and different pedo-transfer functions. They used pedo-transfer functions particularly developed for tropical soils that need input data e.g., bulk density, cation exchange capacity and pH besides the other soil properties that we used in this study (i.e., sand, silt, clay and organic carbon content). In general, the SLLLs from AfSIS-GYGA are slightly higher than what we produced. This may be due to the different input soil database at different resolution (AfSoilGrids250 m vs. SoilGrids1km) and different pedo-transfer functions used. However, a permanent wilting point of 0.44 cm 3 cm −3 in Ethiopia (Fig. 3b) seems to be too high in reality from AfSYS-GYGA. Overall, the spatial distributions of SLLLs are comparable (Fig. 3) . The soil water contents at wilting point (SLLL) and field capacity (SDUL) of the new soil profile dataset (this study) were compared with ISRIC WoSIS database; ISRIC WoSIS contains standardized soil profile data collected by many international soil data providers. For a fair comparison, we filtered out data from ISRIC WoSIS to remove soil properties of depths deeper than 15 cm. The locations of WoSIS SLLL and SDUL soil profiles can be found in Fig. A3 (Appendix) . A total of 8643 SDUL values were compared, but 96% of them were from the continental U.S. In the case of SLLL, however, data from the U.S. only takes 6.2% of total 1662 SLLL values. In the comparison, SDUL data greater than 0.95 cm 3 cm −3 were excluded from WoSIS.
Note that there are scale discrepancies between the WoSIS data and our derived SLLL and SDUL (see Section 3.2). Instead of calculating error statistics, we compared the kernel density plots of the two soil parameters (SLLL and SDUL) from WoSIS and the parameters we produced from this study (Fig. 4) . The SLLL values from WoSIS are more positively skewed and have a lesser mean compared with the SLLLs we derived. The distributions of both SLLL and SDUL produced in this study are narrower than the ones from WoSIS. This could be due to the smoothing effect when values are aggregated at 10-km scale. The pedotransfer functions applied in this study may have also partially contributed to the narrower distribution. However, considering that crop simulation models will be highly likely applied to areas suitable for agriculture, the SDUL or SLLL values in extreme ranges (too low or high, such as SDUL greater than 0.6 cm 3 cm −3 ) are not appropriate to be used for evaluation. In general, the SLLL and SDUL values we derived from this study are within reasonable ranges for agricultural soils. Fig. 5 shows the available water content (AWC) of the first soil layer (0-5 cm) at 10-km resolution. As expected, derived AWC is very low in areas where the world's major deserts are located (e.g., Sahara, Kalahari and Namib in Africa, Pantagonia in South America, Western Australia and Northern India). Derived AWC with a maximum value of 0.19 cm 3 cm −3 seems to be low compared with laboratory measurements, which could be due to the smoothing effect of spatial aggregation. AWC of the 2nd soil layer (5-15 cm) showed a similar spatial distribution as in Fig. 5 (not shown). Due to the difficulties of collecting global AWC maps, we relied on well-documented soil database, SSURGO of the U.S. for additional Fig. 2 . Derived soil water content at wilting point (SLLL) for 15 cm soil depth.
Available water content
E. Han, et al. Environmental Modelling and Software 119 (2019) 70-83 evaluation of the derived soil hydraulic properties. The gridded SSURGO (gSSURGO, Soil Survey Staff, 2014) provides a wide range of soil information including available water storage (mm) of top 25 cm of soil depth. An example in California (USA), The AWC values derived from SoilGrids1km (SDUL minus SLLL) at 10-km resolution in this study (Fig. 6b) were compared with AWCs from SSURGO in Fig. 6a and weighted averages of AWCs at an aggregated 10-km resolution from SoilGrids250 m (Hengl et al., 2017) in Fig. 6c . Note that AWCs in properties and demonstrated that the estimated AWC values vary significantly, "not only between methods and soil types, but just as well within soil types". Therefore, it is recommended to test sensitivities of the selected PTFs in future studies. Despite of the narrower ranges in the magnitudes of AWCs, the AWCs derived from this study show a very similar distribution with SSURGO i.e., major agricultural areas along the Great Valley have relatively higher AWC values while forest areas along the Sierra Nevada have the lower values. Interestingly, AWC map from SoilGrids250 m shows an opposite distribution, between SSURGO, and this study.
As an indirect evaluation of the derived AWC from this study, a cropland map was compared with the derived AWC map of Africa. We used the most recently released global cropland percentage map developed by the International Institute for Applied Systems Analysis (IIASA)-International Food Policy Research Institute (IFPRI) (Fritz et al., 2015) . Fig. 7 suggests that many cropland areas in Africa are consistent with areas of relatively higher AWC values ( Fig. 7b ; see red E. Han, et al. Environmental Modelling and Software 119 (2019) 70-83 circles). However, there are also some areas that do not match, as indicated in black circles (Fig. 7b) . As shown in Section 4.1.1, we also compared the derived AWC with another derived AWC map from AfSIS-GYGA (Leenaars et al., 2018) . The AfSIS-GYGA's AWC map (see Fig. 6b of Leenaars et al., 2018) shows a somewhat different spatial distribution from our results in Fig. 7 , specifically for relatively higher AWC regions throughout the savanna zone in Africa and very low AWC in the Gezira, Sudan (not shown here, see Han et al., 2015) . Leenaars et al. (2018) attributed the strange patterns in their results to the limited availability of bulk density data.
Case study: ex-ante assessment of maize yield response potential to fertilizer, hybrid seeds, and improved agronomy
This section shows an example of how the new gridded soil profile database can be used for real-world applications. Southern highlands area in Tanzania is often referred to as one of the breadbasket in the region, yet smallholder farmers' productivity is still very low. Latest national statistics data from FAOSTAT shows the national average yield of maize as 1.3 t ha −1 in 2013, with annual growth rate of 2.71%. To assess how much maize productivity increases can be achieved by future investment on intensification options, a grid-based crop-modeling framework was developed using the SoilGrids1km-based soil profiles and used for each 10-km grid cell in the area. From the calibrated baseline yield levels with subsistence farming system, where farmers use traditional variety with no fertilizer application with inadequate agronomic information, three step-wise strategies were simulated: 1) increased nitrogen (N) fertilizer application, 2) improved variety, and 3) optimum planting window. Specifically, the ex-ante study aimed to identify the feasibility of achieving the target yields of 3 t ha −1 from the simulated intensification strategies. Simulation results showed, overall, that the target yield level could be readily achieved through the intensifications with agronomic interventions (e.g., optimum planting density and planting window), spatial variability of yield response potentials were demonstrated across the region in Fig. 8 .
Discussion
This study presents a new global gridded soil profile dataset at a 10-km resolution developed for DSSAT. Despite recent advances in digital soil mapping, there is still a gap in utilizing the available soil databases for crop models, and eventually for practical decision-making by policy makers for food security under a changing climate, and environment. The gap is mainly because of the models' required soil inputs that are not provided by typical soil survey data. Especially for gridded crop model applications, availability of soil input data at the right format and resolution has been one of the big challenges. In this study, we bridge this gap by developing a 10-km global gridded soil profile dataset by translating a high-resolution gridded soil database, SoilGrids1km, into model-ready formats and specificity. This work aligns with Carré et al. (2007) and McBratney et al. (2012) that asserted the concept of "digital soil assessments" beyond digital soil mapping. Linking crop models with soil inputs is a critical step in assessing biomass production (e.g., crop yield) as one of the important soil functions, as well as bringing the value of digital soil maps to benefit society.
The soil profile dataset developed in this study has been used operationally since its first release in 2015. Andreadis et al. (2017) developed the Regional Hydrologic Extremes Assessment System (RHEAS) and coupled it with DSSAT to monitor and predict drought and maize productivity in East Africa. RHEAS used the gridded soil profile data from https://doi.org/10.7910/DVN/1PEEY0 for regional DSSAT modeling. Komarek et al. (2018) applied a gridded DSSAT using the soil profiles of Han et al. (2015) to simulate and analyze economic effects of different seed cultivars and fertilizer intensification in Tanzania. The developed soil profile dataset as it is now has a great potential to be used for developing agriculture-related decision support tools or any analysis framework at regional or global scale for researchers or policy makers. The methods described in this study and Han et al. (2015) can be used as precedence to developing other gridded soil datasets for other crop models like Agricultural Production Systems sIMulator (APSIM) or Environmental Policy Integrated Climate (EPIC) model.
In this study, we applied the pedo-transfer function of Saxton and Rawls (2006) to derive the required soil hydraulic properties for DSSAT. However, there are other pedo-transfer functions that can be used for this purpose. Likewise, there are several ways to estimate soil properties that are not available from SoilGrids1km to complete the model-friendly soil profile dataset, although here we used the generic soil profiles in HC27. These are potential sources of uncertainties in the dataset. Further work is needed to quantify uncertainties and sensitivities of the applied methods to the final product.
Uncertainty quantification has received a great attention particularly by the GlobalSoilMap community (Heuvelink, 2014) because of its importance to the end-users as well as to the map makers. Uncertainties of the derived soil profile dataset can come from different sources. Moreover, additional uncertainties can come also from subsequent processes when applying pedo-transfer functions, and when aggregating the data from 1-km to 10-km resolution. Han et al. (2015) earlier quantified uncertainties of derived soil hydraulic properties based on the assumptions of independence from each pixel or normality of soil properties following Heuvelink (1999) and Hengl et al. (2014) .
Assumptions like this may not be always valid in realistic. More sophisticated approach for quantifying uncertainty can be employed e.g., statistical approaches to quantify probability distributions of all possible sources of uncertainties (Heuvelink, 2014) . This statistical approach however can be computationally expensive and requires sufficiently large sample size to characterize uncertainties, thus warrants as a separate study.
The product of this study has a final resolution of 10-km derived from a 1-km resolution dataset. The question of how to aggregate data from 1-km to 10-km arises. This is related to defining the "support" of the soil properties. An approach to finding a representative soil property at a 10-km resolution is to select a dominant soil pixel/profile in the target 10-km grid as Wu et al. (2010) . However, selecting a dominant soil type is not always the best approach. Heuvelink (2007) and Lagacherie et al. (2000) argued that selecting a representative profile of a dominant mapping unit can lead to neglect a substantial part of the mapping unit. In addition, soil covariates used for interpolating point measurements are not always from a dominant soil profile. Hengl et al. (2017) applied a digital elevation model and a wide range of remote sensing data (e.g., MODIS-Enhanced Vegetation Index) as soil covariates to creating soil database at 250-m resolution. These gridded soil covariates are representative values, and not necessarily from a dominant soil type of the pixel.
In this study, we employed an arithmetic averaging of soil properties to aggregate 1-km resolution data to a 10-km resolution. The reasoning behind using the simple average is that, we assumed that our target pixel is a homogeneous unit, having a hypothetical representative soil property, which may be neither a simple average of a few ground-measured values, nor values from one dominant soil profile when we apply DSSAT to a grid of a 10-km resolution. This is similar to the approach of Mohanty and Zhu (2007) . Regarding the issue of defining a representative value for a grid cell, Shangguan et al. (2014) addressed the problem of finding "one to one" relation between a grid cell and soil mapping units (in reality there are "one to n" relations between a soil mapping unit or soil map polygon or a grid). They tested three methods: area-weighted, dominant soil type and dominant binned soil attribute method, but offered results of the areas-weighted method (which is similar to our simple averaging of 1-km pixel values). Simple E. Han, et al. Environmental Modelling and Software 119 (2019) 70-83 averaging approach has been used commonly in remote sensing community but not in soil science community. Further investigation is needed to better understand the effects of different aggregation schemes.
Conclusions
This study developed a set of DSSAT compatible global soil profiles at 10-km grid based from a recently released soil database, SoilGrids1km. Based on the soil properties from SoilGrids1km, soil hydraulic properties were derived using pedo-transfer functions. Other required variables were derived from HarvestChoice's HC27 dataset. The final product is provided for each country in a *.SOL file, which is a standard format of the DSSAT soil input.
Since it is not possible to have a reference data close to "true" values representing a 10-km resolution, our evaluation of the output soil dataset had to rely on more indirect methods, qualitative approach rather than quantitative. Visual inspections were conducted in comparison with i) other maps (i.e., IIASA-IFPRI cropland map and AfSIS-GYGA's wilting point and available water content maps) and ii) SSURGO soil database for California in the U.S. In general, distributions of the soil properties (areas with relatively higher or lower values) matched well with the data in comparison. When the output was compared with WoSIS soil database, which contains global harmonized soil profiles, smoothing effect due to the aggregation was observed. As an application, the soil profile datasets developed in this study was tested in an exante modeling study to assess the potential of agricultural investments in Tanzania's southern highlands area.
Uncertainties incurred from the input soil database and during the data processing should be quantified to better assess the quality of the final product. Future work will be done on quantifying the impacts of selected pedo-transfer functions, type of input soil database (SoilGrids250 m rather than SoilGrids1km), and sensitivities of the estimated soil parameters on the crop yield predictions.
The soil profile dataset developed in this study will contribute to the advances of gridded crop modeling applications at regional or global scale. The approach used in this study can be easily applied for other soil databases e.g., SoilGrids250 m, for gridded application of crop models at higher resolution.
Data availability
Name of data set: Global High-Resolution Soil Profile Database for Crop Modeling Applications.
Developers: International Research Institute for Climate and Society, Columbia University, NY, 10964, USA; Michigan State Fig. 8 . Simulated maize yield responses to three step-wise intensification strategies (fertilizer, variety, and agronomy). Note that yields were capped at 5 t/ha. E. Han, et al. Environmental Modelling and Software 119 (2019) Fortran codes for deriving soil parameters are also freely available via GitHub (https://github.com/Agro-Climate/Global-gridded-soildata-for-DSSAT-at-10km). Soil texture classification in the first line of *.SOL (e.g., SandClayL in Fig. A1 ) is determined based on the proportion of sand and clay in a given grid using USDA-SCS soil triangle (Gerakis and Baer, 1999) . Due to limitation in space, the soil texture classification was truncated to shorter names when needed (see Table A1 ). Except for four soil hydraulic properties (SLLL, SDUL, SSAT, SSKS) derived from PTFs, other unknown soil properties are extracted from HC27, as described in Table 2 . Based on the given classified soil texture, root depth and fertility (organic carbon), one soil profile out of 27 profiles was selected. The only exception is for SLMH (Master horizon) as it was pre-determined for each standardized soil layers so that it can be similar with HC27. For the first two layers, 'A' is assigned and 'AB', 'BA', 'B','BC' are assigned to the rest 3rd to 6th layers, respectively. 
